Parkinson's disease (PD) is a slow progressing neurodegenerative disease with motor symptoms from its initial stages. Objective measurements of motor symptoms are of vital importance for diagnosing, monitoring and developing disease modifying therapies. This is particularly true for the early stages of the disease when neuroprotective treatments could stop the death of dopaminergic neurons. Current medical practice has limited tools to monitor at-risk patients with high frequency and without adding additional burdens to the routine of patients. In this paper, we present data indicating that the daily interaction with computer keyboards can be used to measure motor symptoms in the early stages of PD. We explore a solution that monitors the normal use of a computer without any change in the hardware and converts it to a PD motor index. This is achieved by the automatic discovery of patterns in the time series of key hold times, i.e. the time required to press and release keys, by an ensemble regression algorithm. The diagnosis performance of our algorithm with early PD patients and controls is comparable to performance reported for trained physicians.
Introduction
Parkinson's disease (PD) is the second most prevalent neurodegenerative disorder in the western world 1 . Subtle motor signs can precede the clinical diagnosis by several years and continue throughout the course of the disease, however they often go unnoticed particularly in the early stages [2] [3] [4] . After this point of diagnosis, the patient follows a progressive course leading to severe disability and death after an average of 7 and 16 years respectively 5, 6 . A number of drugs are available for symptomatic relief, including Levodopa, dopamine agonists or MAO-B inhibitors 7 . These types of treatments administered by a specialist significantly lowered the risk of hip fractures, admissions to skilled nursing facility and increased survival rates 8 .
An accessible way to precisely quantify PD motor symptoms in the patient's home would bring significant benefits to therapy management, better diagnosis and potentially earlier detection of the symptoms, thus enabling the development of new therapies 9, 10 . The current standard to quantify PD motor symptoms is the Unified Parkinson's Disease Rating Scale part III (UPDRS-III) 11 , a compound clinical score that evaluate various aspects of the disease, such as rigidity, resting tremors, speech and facial expression among others. This test requires trained medical personnel, attendance of the patient in the clinic, and it cannot be administered with a high frequency. This limits the ability of running longitudinal clinical studies measuring symptoms with a time resolution lower than 3 months 12 .
Digital technologies for objectively quantify PD motor symptoms exist and new ones are being developed. The oldest and most validated is arguably finger tapping, where subjects are asked to intermittently press buttons as fast as possible for a given time 13 . More recently, wearable inertia measurement units (IMUs) have been employed to measure information about gait, posture, tremors, bradykinesia (slow movements) and dyskinesias (involuntary movements) 14, 15 . Typically, multiple sensors are applied on various areas of subject's body who is then asked to perform a particular task. IMUs can also be found in modern smartphones, which has motivated attempts to combine finger tapping and IMUs in a single device, in some cases also including voice utterances tests 16 .
In the last 30 years, typing cadence (also known as keystrokes dynamics) has been studied by various research groups and employed commercially mainly as a way to replace or strengthen passwords 17, 18 . Applications to the biomedical field are almost non-existent, one exception are Austin et al. who used the typing speed in login sessions to evaluate sensory-motor speed in healthy subjects 19 . In our previous work 20 , we showed how to use the interaction with keyboards to detect a state of psychomotor impairment regardless of the typing speed, language used or text typed. In this work, we demonstrate the ability to distinguish PD patients at the early stage of the disease from matched healthy controls by monitoring their natural interactions with standard keyboards. We record the hold time (HT) occurring between pressing and depressing a key while operating an unmodified word processor, then we convert these variables to the numerical neuroQWERTY index (nQi) employing a novel algorithm. The system automatically learns by example the PD typing patterns by comparing the PD subjects with a control group with similar typing skills and education. Our approach does not require information of the text content and works by collecting the time series of HT events, which typically accounts for around 100 milliseconds 21, 22 . Fig. 1(a) shows how the neuroQWERTY index is computed. First, the HT time series is converted into matrix form, then an ensemble regression algorithm identifies the likelihood of PD patterns and generates a single numerical score for each matrix column representing 90 seconds of typing. The results obtained are compared to the clinical ground truth (the Unified Parkinson's Disease Rating Scale part III) and two quantitative motor tasks used in clinical studies for evaluating the PD progression and typing skills of our cohort. Fig. 1(b-c) show examples of the feature matrices derived from the hold time probability occurring during ∼10 minutes of typing. Each column x t of the matrix accounts for 90 seconds of typing and it comprises of an upper part containing the HT probability density estimation and the bottom part containing 5 descriptors of the HT variance (see Methods). By visually inspecting the matrices, a skewness towards higher value in the HT probability densities and higher values for the variance descriptors are visible. The nQi scores computed with our algorithm are shown at the bottom of the matrices. nQi scores makes the evaluation of the HT readily quantifiable, even for patients with very mild symptoms.
Results
The algorithm to generate the nQi score from x t starts with Principal Component Analysis (PCA), an unsupervised eigenvectors-based multivariate approach to detect the subspace components with the highest variance 23 . Fig. 2(a) shows the projection of 570 x t vectors from 18 early PD and 13 matched controls on the first two PCA components. It can be seen that only the samples coming from the Parkinson's group tend to go toward higher values in the PCA space, while the samples from controls appear much less disperse. Fig. 2 (b) confirms this observation by showing the two distributions on the first PCA component only.
These effects do not appear to be measurable by typing speed. In Fig. 3 , the joint typing time series for early PD and control groups are shown. The nQi scores consistently partition the two groups with higher values for PDs and lower values for controls while typing speed, a common measure of typing skills, does not allow to distinguish them. These graph are generated using 90 seconds non-overlapping time windows to compute both nQi and typing speed in order to show the progression through time. When each 90 seconds window is independently used to classify a subject as early PD or CNT we obtained a Area under the Receiving Operating Characteristic Curve (AUC) of 0.86 (0.83-0.88 95% CI, p-value<0.001) for nQi and 0.57 (0.52-0.6 95% CI, p-value<0.001) for typing speed (see Fig. S1 ). The AUC can be interpreted as the probability that a classifier will rank a randomly chosen PD subject higher than a randomly chosen control subject with 90 seconds of typing data.
We tested the subjects twice, the second repetition was at least a week apart from the first. During each repetition the subjects transcribed a randomly selected text and the clinical score (UPDRS-III) was estimated by two movement disorders specialists blinded to the subject clinical history and previous diagnosis. Fig. 4 shows the box plots of the nQi scores computed on the whole duration of the typing tasks in each of the two repetitions and the corresponding clinical scores. Each box plot uses a single data point for each subject, thus allowing a meaningful comparison between the groups. The difference in nQi measurements with the early PD and control groups are statistically significant (p-value<0.001) in both repetitions. A visual comparison with the UPDRS-III scores also indicates a similar distribution variance, i.e. a small variance among the controls and a larger variance among the early PD group. The Pearson's correlation coefficient between nQi and UPDRS-III is r=0.71 (p<0.001) (see Fig. S2 ).
In Fig. 5 , we compared the nQi scores with other quantitative metrics evaluating upper limbs motor functions, i.e. finger tapping. Finger tapping is typically used in clinical trials and involves pressing one or two buttons as fast as possible for 60 seconds. We evaluated two common variations of the finger tapping test: "single key tapping" 24 and "alternating finger tapping" 13 . Receiver operating characteristic (ROC) curves are used to compare the metrics. nQi showed the best classification performance with an AUC=0.93 (0.88-0.97 95% CI, p-value<0.001), alternating finger tapping had a marginally lower performance with an AUC=0.89 (0.78-0.96 95% CI, p-value<0.001) and single key tapping with an AUC=0.54 (0.43-0.66 95% CI, p-value=0.61) did not show a statistically significant classification ability in our dataset. For comparison, the sensitivity/specificity of medical doctors for diagnosing PD in the London urban area is shown 25 , which is comparable to the performance obtained with the nQi score.
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Finding consistent patterns of early Parkinson's from uncontrolled typing might appear an intractable problem: the style of typing varies greatly across subjects, an unpredictable number of pauses can be made (leading to sparse data), text typed varies greatly and so do the speed of typists. While still challenging, we made the problem tractable by adopting three strategies: using the Hold Time (HT) time series, automatically learning patterns from the data and considering each typing window locally. The act of pressing and releasing a key (HT) is not influenced to a great extent by the text typed or typing speed. We witnessed subjects who used a single finger to type having similar HTs as touch typists. Another advantage is that each HT lasts for 100ms, a time so short to make implausible that subjects could consciously control it. In Fig. 2 , we show how an unsupervised analysis of 570 typing samples display how early PD and controls partially cluster together. However, while the controls form a Gaussian-like distribution, the early PD group displays a multimodal, heavy-tailed data distribution. We believe that the heavy tails are due to transient bradykinesia effects not allowing PD patients to lift their fingers from keys in a consistent manner. The dynamic variance, i.e. heteroscedasticity, for motor measurements involving PD patients was already reported 26, 27 . Our model is a first attempt to quantify this effect during a natural, uncontrolled task that did not involve visual or auditory stimuli thereby moving a step towards a "computational biomarker" able to measure fine finger-based PD symptoms. With nQi we strive to generate a straightforward numerical metric that can be interpreted by physicians and patients alike.
A low barrier entry to a diagnostic tool for early PD patients can have a significant impact on the development treatments, in particular of neuroprotective ones where clinical trial participants need to be recruited at the earliest stage possible, and in lowering the number of undiagnosed PD sufferers thereby reducing hip fractures, admissions to skilled nursing facility and mortality rates. Therefore we evaluated the diagnostic power of our algorithm starting with a dataset of controls and early PD patients, whose symptoms are often noticeable by specialists alone. Being able to successfully diagnose the disease in this cohort suggests that it is possible to use a similar technique for identifying PD subjects at later stages of the disease, when the symptoms worsen.
The use of the natural interaction with commodity digital devices as data source brings significant advantages. Data can be captured at home with a frequency much higher of the current standard of care, and the data capturing platform can be deployed massively at a low cost. Additionally, high frequency at-home data collection addresses the problem of the artificial circumstances created during a consultation with a physician: it is not uncommon for patients to have unrepresentative scores in motor tests, either because of the Hawthorne effect 28 or because of the alteration of the timing of their medication to ensure that they arrive in good shape to the visit 29 . A data collection system that integrates with the normal use of a keyboard will also ensure high compliance for all the subjects using digital devices for their job or as a pastime. The recent NPF-QII multicentric study 30 reports that the estimated age for disease onset is 52.7 years, an age where people are expected to be an active part of the workforce and are likely to be using a computer. Additionally, being able to measure PD symptoms privately, without having to use a dedicated tool visible to co-workers will reduce the stigma of the disease, especially at the early stages 31 .
Experimental Procedures
Our dataset comprised of 31 subjects 18 early PD cases, i.e. patients without axial signs and with a confirmed diagnosis for less than 5-years and 13 healthy spouses without any sign of parkinsonism as controls. Only participants who regularly typed for at least thirty minutes per day on a laptop were considered eligible. Choosing spouses allowed us to limit the effect of confounding variables, such as age, education and gender. Table 1 shows a summary of these confounding variables for the PD and control groups. Additionally, participants with joint deformities and antipsychotics/sedative users were excluded. The subjects were recruited from two movement disorder units in Madrid (Spain). All experimental methods were carried out in accordance with the relevant institutional guidelines. All the experimental protocols were approved by the Massachusetts Institute of Technology, USA (Committee on the Use of Humans as Experimental Subjects approval no. 1402006203), Hospital 12 de Octubre, Spain (no. CEIC:14/090) and Hospital Clinico San Carlos, Spain (no. 14/136-E). Informed consent was obtained from all subjects involved in the study.
Each subject was asked to visit a movement disorder unit twice, with at least a week between each visit. Patients taking Levodopa, a symptomatic relief medication for PD, were asked to refrain from taking the medication for 18 hours before the visit. Five subjects who did not completed two visits were not included in the dataset. Each visit involved a clinical evaluation, finger tapping tests and our typing test.
The clinical evaluation was undertaken by two movement disorder specialists blinded to diagnosis of the subjects and to each other's clinical opinions. They filled in score sheets of the motor section in the Unified Parkinson's Rating Scale (UPDRS-III) 11 which consists of multiple tests evaluating: speech, facial expression, resting tremors, hands and finger movements, lower limbs agility, posture, gait, postural stability and involuntary movements. A complete list of the grading is available in the supplementary materials. The UPDRS-III ranges from 0 to 68 points where 0 to 24 is mild PD, 25 to 47 for moderate PD and 48 to 68 for severe PD 32, 33 . The subjects shown in Fig. 1(b-c) had UPDRS-III of 0, 9 and 20 respectively. The clinical scores used
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throughout the paper is the average between the two UPDRS-III measurements decided by the movement disorders specialists.
The finger tapping tests are a common way to quantify upper limbs dexterity in clinical studies. In the "single key tapping" test, subjects repeatedly pressed a single button for 60 seconds, as fast as possible, first with their dominant hand, then with the non-dominant hand. The final score was the average number of buttons pressed between the two hands. In the "alternating finger tapping" test, the subjects had to alternatively press two buttons, with a distance of approximately 25cm between the two, with their index finger. The test was repeated for both hands and the final score was the average number of buttons pressed between the two hands. The "alternating finger tapping" test was introduced while the study was ongoing, because of this 5 PD subjects and 4 controls could only be measured with the "single key tapping" test.
In the typing test, the subjects transcribed a folk tale on standard word processor. The folk tale was randomly selected from a collection avoiding repetitions of the same text for each given subject. This was to limit the learning effect due to the content of the text. The subjects were instructed to type as they normally would do at home and they were left free to correct typing mistakes only if they wanted to. All subjects typed for ∼15 minutes with a standard word processor on a Lenovo G50-70 i3-4005U with 4MB of memory and a 15 inches screen running Manjaro Linux. In the background a custom piece of software recorded the timestamps of each key press and depress, stored it in memory and sent it to a remote database at the end of the writing task. We acquired a total of 88,568 key presses for an average of 2,857 keys per subject.
The timing resolution of the key acquisition software was evaluated by injecting a series of software generated key presses and releases into the operating system event queue. A stream of two consecutive events (key-press, key-release) was generated every 100 milliseconds for a total running time of 15 minutes. We measured a temporal resolution of 3/0.28 (mean/std) milliseconds. The version for Windows and Macintosh can be downloaded at https://www.neuroqwerty.com.
Methods
We present a new computational algorithm able to generate a Parkinson's Disease motor index (nQi) that is used to classify between early Parkinson's patients and matched controls. Our data source is uniquely the hold time time series naturally occurring during typing while pressing and depressing keys. First, we introduce a new type of typing signal representation extending our previous work 20 with variance analysis features; then, we use an ensemble regression approach that include a dimensionality reduction via feature transformation and a kernel based regression step to generate nQi scores. Fig. 1(a) shows a visual representation of the various steps.
Signal Representation
Let the vector a[t] represent continuous-time stochastic process of key hold times where t is the time at which each key has been pressed. We consider only the keys for which we expect a short hold time, i.e. alphanumeric characters, symbols and space bar. We define a rectangular time window ω, such that:
where N w is the size of the window expressed in milliseconds. Then, it is possible to partition a into the time domain into a set of vectors with varying length B i (t) = a[t]ω[t − iS] where i is a positive integral number which serves as a temporal index to the list of vectors. In order to deal with the potential sparsity of raw hold time data, all the vectors in B that have a large number of zero elements are removed from the set. The minimum number of non-zero elements is defined such as there must be at least 1000N w /3 valid key presses for each time window N w . Let us define the feature vector:
where v hst is the normalized histogram of B i ; v iqr is the interquantile range in B i ; v out is the number of outliers in B i divided by the length of the B i vector, where an outlier is defined as all the element in B i greater than 1.5v iqr ; v sp is the standard deviation of the outliers in B i ; v q3 is the third quartile in B i ; v qr is the relative position of the B i median in v iqr .
Ensemble regression
we designed an ensemble learning approach composed of a set of base models F : { f m |m ≥ 0 ∧ m < N m } where N m is the total number of models which in our experiments is 1000. Each model f m receives as input an independent feature vector x i and performs a feature transformation step and a regression step as follow:
where f PCA m (x i ) is projection of the feature vector into a lower dimensional space with Principal Component Analysis 23 and f REG m is a support vector machine with a radial basis kernel regression algorithm 34 . The result y m is a partial estimation of the nQi score. The final nQi is calculated by applying a subset of the models in F on a x i vector and then calculating the median score. The F subset is chosen so that none of the f m models that was trained with data coming from the subject measured. This voting approach allows a certain degree of insensitivity to outliers, reduces the variance in the nQi score and make sure we do not overfit the model to our dataset or to the writing style of the subject studied.
Model training and testing
The models in F are trained using the normalized UPDRS-III scores as targets and following a bagging-like approach where samples are randomly drawn with replacement, i.e. each sample can appear more than once in each of the N m training sets. Each training set is generated by randomly selected 12 PD and 12 controls and selecting all of their x i vectors, i.e. 220 on average, which accounts for 5 hours and a half. We ensured that an even number of PD examples and controls were used in order to avoid any classifying bias in each of the f m models. Also, we keep track of the subjects that were left out so that we can apply all the f m models without the risk of overfitting. Examples of feature matrices and derived nQi scores for subjects with different PD symptom severity (bottom). (a) the HT time series is converted into matrix form as described in 20 with the addition of vectors describing different aspects of variance; for each matrix column representing 90 seconds of typing we run an ensemble regression approach to generate a single numerical score. Each unit in the ensemble regression includes a dimensionality reduction and a regression step. Each unit is trained on the Unified Parkinson's disease rating scale part III, the clinical ground truth for evaluating PD motor symptoms with a leave-one-out approach at a patient level, so that no typing information of the subject was tested was used for training. More information can be found in the methods section. (b) Control (age=46 UPDRS-III=0); (c) PD patient with almost no symptoms (age=46, UPDRS-III=9); (d) Early PD patient with more symptoms than the previous one, but still mild (age=55 UPDRS-III=20).
7/12
Figure 2. Unsupervised Principal Component Analysis (PCA) on the feature vectors x t used to generate the nQi score (see Fig. 1 ). 570 samples from 18 early PD and 13 controls are used, each sample accounts for 90 seconds of typing. The text typed differed for each subject. (a) projection on the first two PCA components; (b) sample distribution on the first PCA components for PD and controls subjects. Each repetition consisted of ∼10 minutes of typing where each subject typed different texts. The two repetitions had at least a week distance between each one. On the right, the average nQi score at a subject level is shown on top of the box plots which display median quartiles and whiskers. On the right, the average clinical scores from two blinded raters used to evaluate the motor functions of the subjects (UPDRS-III) is displayed. The three asterisks stand for the statistical significance of the two-sided Mann-Whitney U test to reject the null hypothesis that the controls and the Parkinson's samples come from the same distribution. In all four figures a p-value < 0.001 was measured. The Pearson's correlation coefficient between nQi scores and UPDRS-III is 0.71 (p<0.001) as shown in Fig. S1 . Box plots visualize first, third quartiles and means; the ends of the whiskers represent the lowest (or highest) value still within 1.5-times the interquartile range. Comparison of receiver operating characteristic (ROC) curves showing the classification performance of nQi (main contribution of this paper), alternating finger tapping, single key tapping on our dataset of 18 early PD vs 13 controls. For comparison, the sensitivity/specificity of medical doctors for diagnosing PD in the London urban area 25 is shown. The shadowed areas represent the 95% confidence intervals. In the legend, the area under the ROC curve (AUC), the 95% confidence intervals and the statistical significance are shown. The asterisks stand for the statistical significance of the two-sided Mann-Whitney U test to reject the null hypothesis that the controls and the Parkinson's samples come from the same distribution according to the given metric. The nQi score shows the best performance in comparison with alternating finger tapping and single key tapping (two quantitative measurements commonly used to evaluate motor impairment in Parkinson's disease). In black the sensitivity/specificity reported by Schrad et al. 25 for diagnosing Parkinson's by physicians is shown. The black dashed lines represent the 95% confidence intervals. The nQi score is comparable to the physician performance. Table 1 . Possible confounding variables between the early PD and control groups in our in-clinic study. The typing speed is calculated as average key pressed in a minute, calculated on the same data used to test our algorithm. The statistical significance tests attempts to reject the null hypothesis that the PD and control groups are sampled from the same population via a two-sided Mann-Whitney U test.
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